Influenza vaccination is one of the major options to counteract the effects of influenza diseases. Selection of an effective vaccine strain is the key to the success of an effective vaccination program since vaccine protection can only be achieved when the selected influenza vaccine strain matches the antigenic variants causing future outbreaks. Identification of an antigenic variant is the first step to determine whether vaccine strain needs to be updated. Antigenic distance derived from immunological assays, such as hemagglutination inhibition, is commonly used to measure the antigenic closeness between circulating strains and the current influenza vaccine strain. Thus, consensus on an explicit and robust antigenic distance measurement is critical in influenza surveillance. Based on the current seasonal influenza surveillance procedure, we propose and compare three antigenic distance measurements, including Average antigenic distance (A-distance), Mutual antigenic distance (M-distance), and Largest antigenic distance (L-distance). With the assistance of influenza antigenic cartography, our simulation results demonstrated that M-distance is a robust influenza antigenic distance measurement. Experimental results on both simulation and seasonal influenza surveillance data demonstrate that M-distance can be effectively utilized in influenza vaccine strain selection.
Introduction
Influenza viruses cause both pandemics and seasonal influenza and continue to present a threat to public health [1] [2] [3] [4] . Vaccination is one of the major practical options to prevent and reduce the burdens from influenza outbreaks. To identify an optimal influenza vaccine strain, the World Health Organization (WHO) Global Influenza Surveillance Network (GISN), which consists of more than 120 national influenza centers from all over the world, performs large scale influenza viral sampling and characterization. Four basic criteria are generally used in influenza vaccine strain selection: (1) the candidate strain is an influenza antigenic variant based on the results from hemagglutination inhibition (HI) and/or microneutralization (MN); (2) the candidate strain-like viruses are becoming more predominant; (3) the candidate strain-like viruses are geographically distributed; and (4) the candidate strain can be propagated efficiently in chicken embryonic eggs.
The immunological assays, such as HI and MN assays [7, 8, 5 ] are generally used to identify the antigenic variants among those influenza viruses isolated from the influenza surveillance. In the experimental results from HI assay, each value (titre) measures the affinity between an influenza virus and an antiserum. The * Correspondence author. Tel.: +1 662 325 3559.
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antigenic relations between two viruses are usually determined indirectly from their reactions against the same panel of antisera, which are generated against the testing influenza viruses or other related influenza viruses. The more similar their HI profiles are, the closer their antigenic relationships are. In order to decide whether an influenza virus is an influenza variant, it will be critical to quantify the difference among antigenic profiles, with the so called antigenic distance [10, 9] in the immunological assays. However, there has been no formal definitions of antigenic distances based on HI values. In practice, a two-way analysis is commonly used: the antigenic distance between two antigens is a certain averaged ratio for the pair-wise titers, e.g. HI values, between two antigen-antiserum pairs, in which each antiserum corresponds to each of the testing antigens, respectively. For instance, in Table 1 , the antigenic distance is 12-fold between A/New York/55/2001 (H3N2) and A/Fujian/411/2002(H3N2). If their antigenic distance is less than 4-fold, previous vaccine could have negative interference on the subsequent vaccine [10, 9, 11, 12] . Thus, a minimum of a 4-fold antigenic distance is used in vaccine strain selection. However, there is no agreement on what should be the correct definition of antigenic distance given an HI The concept of antigenic distance is also important in antigenic cartography, which projects all antigens into a two or three dimensional graph [15, 13, 14] . In general, the Euclidean distance in the antigenic cartography should reflect the antigenic distance in the HI tables, so that the cartography will facilitate the interpretation and measurements of antigenic differences among influenza viruses. In the metric MDS approach [15] , the notation of antigenic distance is not explicitly based on HI table values, but rather on the theory of shape space [6, 16] . After constructing the cartography, the normalized HI values between antigens and antisera are treated as their distances in the cartography. That is, the antisera are utilized as the reference substances to measure the antigenic distances between antigens [15] . In the more recently developed Matrix CompletionMultidimensional Scaling (MC-MDS) method [13] , the antigenic distance between two antigens corresponds to a certain explicitly defined distance between the HI values of these two antigens against all the antisera. The specific distance used in [13] corresponds to the Average antigenic distance (A-distance) described in this study. Since different definitions of HI distances can lead to different cartographies, it is important to understand the effect of different definitions. In fact, our previous study showed that there were some discrepancies between distance measurement in metric MDS and that in MC-MDS [13] . This issue will be further explained in the current paper.
In this study, we propose and compare three antigenic distance measurements that are explicitly defined based on HI values: Average antigenic distance (A-distance), Mutual antigenic distance (M-distance), and Largest antigenic distance (L-distance). We also argue that the cartographic distance from the metric MDS approach [15] is more similar to the L-distance. Our simulation results show that M-distance is the most robust among different definitions. The merits and drawbacks of those definitions are discussed. Experimental results on some real influenza surveillance data demonstrate the suitable of M-distance for cartography and influenza vaccine strain selection.
Materials and methods

Influenza antigenic distance definition
Three antigenic distance measurements, A-distance, Mdistance, and L-distance, are proposed. Assume we have an immunological dataset, e.g. an HI matrix, with n antigens (viruses) and m antisera. Let H ij be the HI value between antigen v i and antiserum a j . We also assume that both antigens and antisera can be partitioned in to k clusters by their temporal information, e.g. according to influenza season information. Denote by P x the x-th cluster, where x is the temporal cluster index.
The A-distance between two antigens v i and v j is defined as
|H it − H jt |. This quantity measures the average difference of antigen-antiserum interaction effect of the two antigens. The L-distance is defined as max t=1,2,. . .,n |H it − H jt |, which measures the maximum difference of antigen-antiserum interaction effect of the two antigens. The definition of M-distance between antigens v i and v j requires the cluster information, where we assume that v i ∈ P x and v j ∈ P y . The M-distance between v i and v j is defined as
where |{a t ∈ P x ∨ a t ∈ P y }| is the number of antisera in the union of clusters P x and P y . The distance between two antigens will be defined as A-distance in the rare situation that |{a t ∈ P x ∨ a t ∈ P y }| is zero (that is, no antisera are produced in the time periods corresponding to antigens v i or v j ). The motivation behind this definition is that for vaccine selection purpose we should focus our attention on the part of antigen-antiserum interaction assay during the most relevant time periods, which are the periods that contain antigens v i or v j . M-distance thus only considers the interaction of antigens v i and v j to antisera a t in the same periods as these two antigens (the union of antisera in clusters P x and P y ).
In the simulation data, the cluster membership is pre-defined. In the seasonal influenza data, the clusters of antigens and antisera are defined based on seasonal information of the influenza viruses. Specifically, antigens and antisera collected from the same influenza season will be assigned into the same cluster.
Influenza antigenic distance definition in metric MDS
In the metric MDS [15] , the antigenic distance is calculated indirectly. This method attempts to minimize an error function
is the normalized observed HI values between antigen i and antiserum j. Metric MDS requires a pre-defined dimension L. Each antigen (and each antiserum) is represented by an L-dimension vector. Let v ij (or a ij ) denote the coordinate values of the jth dimension in v i (or a i ), then X ij is the Euclidean distance between antigen i and antiserum j defined as:
Basically, metric MDS tries to minimize the difference between the Euclidean distances of all embedded antigen and antiserum pairs in the cartography and the corresponding HI table values. The distance between each pair of antigens is calculated as the Euclidean distance between them.
Antigenic distance between influenza vaccine strain and the emerging antigenic variants
During influenza epidemic, the vaccine strain needs to be updated for the next influenza season if antigenic properties of the circulating viruses have changed significantly so that the vaccine strain used in current influenza season could not generate adequate immunological protection. Let antigen c be the vaccine strain for current influenza season and CI is the set of the circulating antigens in an HI dataset. In the antigenic cartography, we calculate d cĵ , the distance between the current vaccine strain in use c and the centerĵ of the circulating viruses:
The quantity p jt measures the similarity between antigen j and antigen t (larger means more similar). Thereforeĵ is the antigen that is on average most similar to antigens in CI. Since the distance in antigenic cartography measures log 2 -scale change of the original unnormalized HI assay values, the quantity 2 −d jt can also be considered as a measure that is inversely proportional to the physical HI-value difference (in folds) between antigens j and t. A large d cĵ
indicates that the center of the antigens strays away from the vaccine strain used in current influenza season. This means on average the circulating viruses have different antigenic properties from the currently used vaccine strain, and thus new vaccine strains shall be recommended for the next influenza season. The decision can be based on testing a condition d c,ĵ > T , where T is a pre-defined threshold for vaccine strain selection. Usually, T is defined as 4-fold change in the original HI assay. Equivalently it is 2 units in antigenic cartography [10, 9] because the distance in antigenic cartography measures log 2 -scale change of the original unnormalized HI assay values.
Antigenic cartography construction
Given any distance that is explicitly defined based on HI values (including the three distances proposed in the paper), the corresponding antigenic cartography can be constructed using the MC-MDS method of [13] . Briefly, a matrix completion algorithm is applied first to estimate the low reactors and possible missing entries in the HI matrix. After that, the pairwise distances among antigens are calculated by using the given distance definition, which could be A-distance, M-distance, or L-distance. Finally, a Multidimensional scaling (MDS) method is utilized to project all the antigens into a two or three dimensional graph. The HI values are normalized as follows: each observed value or reactor is transformed using the formula max(T ij ) − log 2 (max(H j )/H ij ), where max (T ij ) represents the largest log 2 (max (H j )/H ij ) value among the table and max (H j ) represents the maximum HI value for antibody j.
Generation of simulated HI data
During an influenza epidemic, if antigenic drift occurs, we expect the influenza antigenic variants to become more predominant. To mimic the emerging of new antigenic variants, we simulate three scenarios: (1) the antigenicity of the influenza viruses from the previous season is similar to that in the current season, and thus no new antigenic variant emerges (Fig. 1A) ; (2) the antigenicity of the influenza viruses from the previous season is slightly different from that in the current season, and thus new antigenic variants are starting to emerge (Fig. 1B) ; (3) the antigenicity of the influenza viruses from the previous season is significantly different from that in the current season, and thus new antigenic variants have already formed (Fig. 1C) . These scenarios are representative of real influenza evolutionary trends from the historic data. For example, the H3N2 influenza antigenic changes from 1991-1992 ( Fig. 2A) , [1993] [1994] (Fig. 2B) , and 1992-1993 (Fig. 2C ) resemble these three scenarios.
In order to investigate the performance of different antigenic distance measurements, we generated simulated HI matrices, each has n antigens and m antisera. Both antigens and antisera can be partitioned into t clusters by their temporal information. We assume that the HI values between antigens in cluster p i and antisera in cluster p j follow a Gaussian distribution N(8 − |i − j|, 2 ). Here is chosen from a range [0.1, 1.5] with an increment 0.1 in our simulation. Besides these observed values, there are two other types of values in each HI matrix: missing values and low reactors [13] . A low reactor indicates a weak immunological reaction between an antigen and an antiserum. A value less than 20 is usually regarded as a low reactor in an HI assay. We randomly select 5% of the HI values off the diagonal of the simulated HI matrix as low reactors or missing values. The HI data contain noises due to reasons such as variations in the experimental conditions from different laboratory and even the same laboratory. These variations could come from but not limited to inconsistencies in virus titration, red blood cells, and antisera. To simulate this type of noise, we assigned 10% HI values in off diagonal entries in the simulation data to random values. The results from the data with and without noises will be compared.
In order to check the robustness of various antigenic distance measurements, simulation datasets were generated with three clusters of antigens and three clusters of corresponding antisera. The three clusters can be regarded as three consecutive influenza seasons, e.g. I  50  0  50  II  30  40  30  III  10  80  10 There are three clusters in each simulation data. P1, P2 and P3 represent the percentage of antigens in cluster 1, cluster 2 and cluster 3, respectively.
the 2009-2010 influenza season in Northern Hemisphere. We can assume that the vaccine strain currently in use belongs to cluster 1, but the vaccine candidate strain will be located from cluster 3. If cluster 3 is significantly different from cluster 1, then there is a significant antigenic drift, which implies that an update of the influenza vaccine may be necessary. The degree of changes from cluster 1 to cluster 3 will be varied in the simulation study.
In the influenza sample collection process, there are often large variations in sample sizes obtained from different locations or during different time periods. Such variations could be the result of sample biases or the availability of samples during disease epidemics. A robust antigenic distance measurement should be less sensitive to such variations. Therefore in our simulation, we generate three sets of data, representing variations of the same underlying data distribution, according to Table 2 . For instance, Dataset I contains 50%, 0%, and 50% of clusters 1, 2, and 3. In our simulation of Dataset I, II, and III, the number of antigens in cluster 1 and cluster 3 is set to be 10. The different proportions are achieved by changing the number of antigens in cluster 2. These simulation programs can be downloaded from http://sysbio.cvm.msstate.edu/AntigenMap/AntigenicDistance.
Bootstrap and statistical analysis
Since most of the experimental variations are heavily affected by the selection of antisera, we performed bootstrap based on random sampling of antisera in the H3N2 datasets. That is, we sample (with replacement) the antisera from the seed HI matrix to form new HI matrices of the same size. An antibody might be selected more than once in each matrix. We generated 100 HI matrices this way, and the average pairwise antigenic distances are calculated. To test the hypotheses on four antigenic measurements within HI datasets, a two-sample multivariate test (Student's t test) was used.
Results
Comparison of antigenic distance measurements on simulated HI datasets
This simulation study shows that the distance from M-distance measurement is the most robust among the four distance measurements compared in Fig. 3 . Metric MDS has the largest variation among all four measurements. The A-distance has relatively large variations when on Gaussian distribution is small, whereas the Ldistance has relatively large variations when is large. The results from M-distance are the closest to the benchmark distance, and they also have the smallest variations. Instead, the A-distance, L-distance, and the distance measurement from metric MDS are dependent on the data distribution to different degrees. The distance from metric MDS was least stable since it has the largest variations. In general, L-distance > Metric MDS > M-distance > Adistance.
The simulation on the dataset with 10% noisy data also demonstrated that M-distance is the most robust distance measurement among the four compared measurements (Fig. 3B) . That is, the Mdistance is least affected when we increase the noise level. Our Use   Fig. 1 . Antigenic cartography for three possible scenarios in influenza surveillance: (A) the antigenicity of the influenza viruses from previous season is similar to that in current season; (B) the antigenicity of the influenza viruses from previous season is slightly different from that in current season; (C) the antigenicity of the influenza viruses from previous season is different from that in current season, and antigenic variants are emerging. study suggested also that A-distance is not as stable as M-distance; this is because A-distance is heavily affected by the number of antisera used in the simulation datasets. L-distance has the largest antigenic distance because L-distance always selects the maximum distance between two antigens.
Application of antigenic distance measurements in H3N2 influenza A viruses
To demonstrate the impact of different antigenic distance measurements on the real influenza data, we applied the three definitions (A-distance, M-distance, and L-distance) and the antigenic distance measurement from metric MDS to evaluate the antigenic distances for H3N2 influenza A viruses. The HI dataset contains 273 antigens isolated from 1968 to 2003 [15] . To minimize the potential biases from data size, we focused on the HI data from 1991 to 1993, which has a relatively large number of antigens and antisera compared to those from other years.
The bootstrap results from this real dataset are consistent with those from the simulation: in general, L-distance > Metric MDS > M-distance > A-distance (Table 3) . A two-sample multivariate test indicated that the differences are statistically significant because p values between each pair of measurements are smaller than 0.001 (Table S1 ). Similar to our simulation results, the M-distance has the smallest variation among the four antigenic distance measurements compared. This means that M-distance is the most robust because the selection of antisera has the least impact on M-distance measurement. The value in the bracket denotes the standard deviation in the results from 100 runs.
WHO GISN recommended not to update the vaccine strains for H3N2 and H1N1 [17, 20] . The antigenic drift value for B was 3.7281, indicating the vaccine strain of B shall be updated (Fig. 4C) , and in fact, WHO GISN recommended to update the vaccine influenza B [17, 20] . Therefore, our antigenic distance analysis is consistent with the WHO recommendations. We would like to mention that such a large distance in influenza B was a switch of circulating strain from Yamagata lineage to Victoria lineage [17] A 
Discussion
In this study, we proposed and compared three antigenic distance measurements. Our simulation study suggested that the mutual antigenic distance, M-distance, is the most robust measurement. Since our simulation data are generated based on historical influenza data, we believe M-distance is the most suitable distance definition for vaccine selection among the several definitions examined in this study. This is confirmed with additional experiments on some real influenza data. The antigenic distance measurements are proposed specifically for human seasonal influenza vaccine strain selection. Unlike seasonal influenza viruses in human, influenza viruses in animals, such as avian influenza viruses, do not have similar antigenic drift patterns as those in human seasonal influenza viruses. For instance, the H3N2 human influenza A virus has a major trunk in their phylogenetic tree [18] , which suggests that this virus has gradual changes in genetic properties but punctual changes in antigenic properties [15] . On the other hand, different lineages of the same subtype of avian influenza viruses (e.g. H5N1) could co-exist [19] without clear clustering structures. Therefore M-distance, which requires clustering based on influenza season information, might not be the best choice for studying these influenza viruses. In the general case where clearly defined clustering structures are not available, the A-distance might be the best default option.
The selection of influenza vaccine is the first but also the most critical step toward an effective influenza vaccination program. The proposed methods can be applied in HI, MN, and ELISA experiments. Due to the variations of HI assays, e.g. the red blood cells, the interpretation should be made cautiously. Integration of results from multiple assays, especially HI and MN, should be considered [17] . In addition, as a practical point, more than one vaccine candidate should be selected since additional factors not included in this study need to be considered. For example, the propagation ability in chicken embryonic eggs is important because it indicates the usefulness of the selected virus for vaccine manufacturing.
